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ABSTRACT

This research aims to explore how perceived contribution, perceived usefulness, and perceived ease of use
influence perceived audit quality, while also examining the moderating effect of auditor competence on these
relationships. A quantitative method was employed, with data collected through questionnaires distributed to
auditors who have experience using technology in the audit process. The findings reveal that perceived
contribution, usefulness, and ease of use each have a positive and significant effect on perceived audit quality,
thereby supporting hypotheses H1, H2, and H3. Regarding the moderating role, auditor competence
significantly enhances the relationship between perceived contribution and audit quality (supporting H4), but
does not significantly affect the links between perceived usefulness or ease of use and audit quality (HS and
H6 not supported). These results highlight that auditor competence is particularly critical in strengthening
audit quality when technology is seen as directly contributing to audit tasks, but it does not significantly
reinforce the perceived usefulness or ease of use of the technology. This study underscores the importance

of auditor competence in the successful implementation of technology-driven audit systems.
Keywords: Perceived Contribution, Perceived Usefulness, and Perceived Ease of Use, Auditor

Competence, Audit quality
1. INTRODUCTION

The advancement of digital technology has
transformed various sectors, including auditing. The
integration of Artificial Intelligence (Al) offers
significant potential to enhance audit processes by
enabling the analysis of large datasets, identifying
patterns, and detecting anomalies more efficiently
and accurately than traditional methods (Yoon,
Hoogduin & Zhang, 2015). In the context of the
Fourth Industrial Revolution, such technological
innovation demands that auditors adapt to automated
and digitalized systems (Schwab, 2019).

Audit quality, defined as an auditor’s ability to
identify and report misstatements (DeAngelo, 1981;
Deis & Giroux, 1992), is crucial for providing
stakeholders with reliable and transparent financial
information (Hyarat et al., 2023; Roychowdhury et
al., 2019). However, despite the benefits of Al, its
adoption in Indonesia remains limited and largely
administrative, lacking impact on strategic audit
functions (Sari & Pramono, 2021). This is
particularly evident in small and medium-sized
public accounting firms that often face infrastructure
and resource constraints.

The effectiveness of Al in audits is not solely
determined by its technical capabilities but also by
how it is perceived and utilized by auditors.
Perceived contribution—the belief that Al adds
value to the audit process is a key factor influencing
its adoption (Munoko et al., 2020). When auditors
see tangible benefits from Al, they are more likely to
use it extensively (Li, Dai, Gershberg & Vasarhelyi,
2018; Haenlein & Kaplan, 2019).

Similarly, perceived usefulness how much
auditors believe Al improves their audit
performance also affects acceptance (Vasarhelyi,
2020; Kokina & Davenport, 2017). Yet, many
Indonesian auditors still feel that Al offers limited
practical  benefits,  especially =~ when its
implementation is complex or unfamiliar (Haenlein
& Kaplan, 2019). Another important factor is
perceived ease of use. If auditors find Al systems
difficult to operate due to a lack of training or digital
readiness, adoption may be hindered (Gepp et al.,
2017; Davis, 1989). Studies show that usability
issues, especially in public institutions, remain a
barrier to implementing Al in audits (Noviantoro &
Herlina, 2020).
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Furthermore, auditor competence including
technical knowledge and the ability to critically
interpret Al outputs is essential for ensuring audit
effectiveness (Zhang, Yang & Appelbaum, 2015).
Competence strengthens the link between auditors’
perceptions and audit quality (Yuwanto & Santoso,
2022), yet many auditors in Indonesia lack formal
training in Al tools and technologies.

Despite the rapid advancement of Artificial
Intelligence (AI) in auditing, its adoption in
Indonesia remains limited and often confined to
administrative functions rather than enhancing
strategic audit quality (Sari & Pramono, 2021).
Recent studies emphasize that while Al has the
potential to improve fraud detection, anomaly
identification, and large-scale data analysis (Yoon,
Hoogduin, & Zhang, 2015; Bizarro et al., 2019),
auditors in emerging economies continue to face
barriers such as lack of infrastructure, limited
training, and resistance to change (Haenlein &
Kaplan, 2019; Noviantoro & Herlina, 2020).
Moreover, although the Technology Acceptance
Model (TAM) identifies perceived usefulness and
ease of use as key determinants of technology
adoption (Davis, 1989; Venkatesh & Bala, 2008),
little is known about how these perceptions
ultimately affect audit quality, the ultimate goal of
auditing.

Recent literature also points to the importance
of auditor competence as a determinant of successful
technology adoption (Zhang, Yang & Appelbaum,
2015; Noordin et al., 2022). However, empirical
studies have rarely examined how competence
interacts with Al-related perceptions to shape audit
quality, particularly in the context of developing
economies where digital readiness remains uneven
(Putri, 2024; Shazly et al., 2024). This creates a
research gap: while Al adoption in auditing has been
widely studied in developed countries, little
evidence exists on how auditors’ perceptions and
competencies jointly influence audit quality in
Indonesia. Addressing this gap is crucial given the
increasing demand for transparency, accountability,
and audit innovation in the era of digital
transformation.In line with the research objectives,
the scope of this study is limited to external auditors
working in Indonesian public accounting firms who
possess knowledge or experience with Artificial
Intelligence (Al) in the audit process. The study
examines three key constructs perceived
contribution, perceived usefulness, and perceived
ease of use and their influence on perceived audit
quality, with auditor competence considered as a
moderating variable. The Technology Acceptance

Model (TAM) serves as the theoretical foundation
that underpins this research.

Several limitations should be acknowledged.
First, the study is geographically restricted to
Indonesia, which may limit the generalizability of
the findings to other countries with different
institutional or technological environments. Second,
the data collection relies on self-reported perceptions
through survey questionnaires, which are susceptible
to potential response bias. Third, the use of
convenience sampling implies that the respondents
may not fully represent the overall population of
auditors in Indonesia.

This study also operates under several
assumptions. It assumes that respondents have
adequate exposure to Al-based auditing systems,
either  through  direct use, training, or
demonstrations, and that they are able to provide
informed evaluations of their contribution,
usefulness, and ease of use. It further assumes that
respondents’ perceptions, as expressed in the
questionnaire, accurately reflect their professional
experience and judgment. These scope, limitations,
and assumptions are important considerations in
interpreting the results of the research.

The aim of this study is to investigate how
auditors’ perceptions of Al specifically its
contribution, usefulness, and ease of use affect
perceived audit quality, and how auditor competence
moderates these relationships. Unlike most prior
studies that primarily focused on technology
adoption or behavioral intention, this research
emphasizes audit quality as the main outcome
measure, which reflects the ultimate goal of
technological integration in auditing.

The novelty of this study lies in two aspects.
First, it provides an integrated perspective by
combining the Technology Acceptance Model
(TAM) with the moderating role of auditor
competence, thereby bridging the gap between
technological factors and human capital in shaping
audit outcomes. Second, this study is conducted in
the Indonesian auditing context, where the
application of Al remains relatively underexplored
and often limited to administrative tasks rather than
strategic audit functions. By addressing these gaps,
the findings are expected to offer new insights into
the determinants of audit quality in the era of digital
transformation, while also providing practical
implications for regulators and audit firms in
emerging economies.
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2. LITERATURE REVIEW AND
HYPOTHESIS DEVELOPMENT

The theoretical review serves as the foundation
for this study, providing key concepts related to the
implementation of Artificial Intelligence (Al) in the
audit process. The main theories discussed include
Al in auditing, perceived contribution, perceived
usefulness, perceived ease of wuse, auditor
competence as a moderating variable, perceived
audit quality, and the Technology Acceptance Model
(TAM).

2.1 Artificial Intelligence (AI)

Artificial  Intelligence (AI) has Dbeen
increasingly integrated into auditing to enhance
efficiency, anomaly detection, and large-scale data
analysis (Yoon, Hoogduin, & Zhang, 2015; Bizarro
et al., 2019). Prior studies demonstrate that Al can
automate repetitive tasks and improve audit
reliability (Henry & Rafique, 2021). However, while
much of the literature acknowledges Al’s potential
in auditing, the majority of studies have focused on
developed  countries ~ where  technological
infrastructure is advanced and digital literacy among
auditors is high (Jordan, 2019; Haenlein & Kaplan,
2019). In contrast, in developing contexts such as
Indonesia, Al adoption remains limited and often
restricted to administrative processes (Sari &
Pramono, 2021). This imbalance highlights the need
for research that not only examines AI’s benefits but
also contextualizes its use in emerging economies
where resources, training, and readiness are
constrained.

2.2 Use of Al in the Audit Process

The integration of Al in auditing enables the
automation of routine and repetitive tasks
traditionally performed manually. Henry and
Rafique (2021) highlight that AI enhances audit
efficiency by automating various stages, from
planning to report preparation. Bizarro et al. (2019)
explain that Al has a significant impact particularly
on internal control evaluation and substantive
procedures by employing technologies such as
Natural Language Processing (NLP), Machine
Learning (ML), and Voice Recognition, thereby
improving audit accuracy and efficiency.

2.3 Technology Acceptance Model (TAM)

The Technology Acceptance Model (TAM)
proposed by Davis (1989) is widely used to explain

user acceptance of new technologies, emphasizing
perceived usefulness and perceived ease of use as
key determinants (Venkatesh & Bala, 2008). In
auditing, TAM has been applied to understand how
auditors accept and utilize AI (Noordin et al., 2022).
However, prior studies primarily evaluate adoption
intention rather than outcome measures such as audit
quality. This creates a gap: while auditors may
perceive Al as useful or easy to use, the extent to
which these perceptions translate into higher audit
quality remains uncertain. Furthermore, TAM
studies often treat technology adoption in isolation,
overlooking human factors such as competence. By
integrating auditor competence into TAM, this study
provides a more holistic framework that links
technology adoption with human capital in driving
audit quality.

2.4 Perceived Contribution

Perceived contribution refers to an individual’s
belief that Al adds tangible value to audit processes
(Noordin et al., 2022). Previous studies have shown
that Al contributes to improving audit accuracy,
fraud detection, and efficiency (Puthukulam et al.,
2021; Albawwat & Frijat, 2021). While these
findings emphasize the positive impact of Al, many
of them assume that auditors already have sufficient
digital readiness to maximize these benefits. In
emerging economies, however, auditors often lack
formal training in Al systems, which may limit their
ability to recognize or leverage AI’s contributions
(Munoko et al., 2020). Thus, it is important to
investigate ~ whether  perceived  contribution
continues to play a significant role in improving
audit quality within a less digitally mature
environment.

H1: Perceived Contribution has a positive effect
on Perceived Audit Quality

2.5 Perceived Usefulness

Perceived usefulness is defined as the degree to
which a person believes that using a technology
enhances job performance (Davis, 1989). Studies
consistently show that Al provides significant
efficiency gains and higher accuracy in audits
(Munoko et al., 2020; Putri, 2024). However, much
of this research has focused on adoption or intention
to use Al rather than its direct effect on audit quality.
Additionally, evidence from developed economies
may not reflect realities in Indonesia, where the
adoption of Al remains slow and auditors often face
resistance to change (Haenlein & Kaplan, 2019).
This raises the question of whether perceived
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usefulness translates into higher perceived audit
quality in such a context.

H2: Perceived Usefulness has a positive effect on
Perceived Audit Quality

2.6 Perceived Ease of Use

Ease of use relates to the extent to which a
technology is perceived as effortless to learn and
apply (Davis, 1989). Prior studies find that user-
friendly Al systems facilitate quicker adoption and
higher acceptance among auditors (Ferri et al.,
2020). However, these studies largely stop at
adoption metrics and rarely extend the analysis to the
quality of audits produced. In Indonesia, auditors
frequently report difficulties in operating Al systems
due to limited training and digital infrastructure
(Noviantoro & Herlina, 2020). Therefore, while ease
of use may encourage adoption, it remains unclear
whether it can directly enhance audit quality in
practice.

H3: Perceived Ease of Use has a positive effect on
Perceived Audit Quality

2.7 Auditor Competence as a Moderator

Auditor competence includes technical
knowledge, analytical skills, and professional
judgment required to effectively conduct audits
(Arens et al., 2012). Literature strongly suggests that
competence is critical for leveraging Al in audit
processes (Zhang, Yang & Appelbaum, 2015;
Hasan, 2022). Some studies argue that competence
enhances the perceived usefulness and ease of use of
technology (Goto, 2023; Shazly et al.,, 2024).
However, findings remain inconsistent, as not all
research confirms its moderating effect on
technology adoption outcomes. In particular, limited
empirical evidence exists in Indonesia, where
auditors’ digital competence varies widely
(Yuwanto & Santoso, 2022). This gap motivates the
inclusion of auditor competence as a moderating
variable in this study to examine whether
competence strengthens the relationship between Al
perceptions and perceived audit quality.

H4: Auditor Competence strengthens the effect of
Perceived Contribution on Perceived Audit

Quality

Shazly et al. (2024) stated that proper training
and governance in Al use are crucial to improving
audit quality. Henry & Rafique (2021) added that
auditors’ knowledge and skills working with Al
enhance their perception of AI’s usefulness.

Therefore, this hypothesis is accepted based on the
literature.

HS: Auditor Competence strengthens the effect of
Perceived Usefulness on Perceived Audit Quality

Goto (2023) qualitative study showed that
organizational development and training in Al
integration increase auditors’ ability to use the
technology, positively influencing ease of use and
audit quality. Supported by this literature, the
hypothesis is accepted.

H6: Auditor Competence strengthens the effect of
Perceived Ease of Use on Perceived Audit Quality

2.8 Perceived Audit Quality

Audit quality refers to the extent to which audits
are performed according to applicable standards and
provide reasonable assurance on financial statements
(Arens et al., 2012). Al use is expected to improve
audit quality by enabling more accurate data analysis
and more effective detection of errors or fraud
(Seethamraju & Hecimovic, 2023; Alsughayer,
2021).

3. RESEARCH METHODS

This study employs a quantitative survey
design to examine the relationships between
perceived contribution, perceived usefulness,
perceived ease of use, auditor competence, and
perceived audit quality. The protocol for conducting
the study is described below to ensure replicability.
Data were collected using a structured questionnaire
distributed online through Google Forms between
[month] and [month, year]. Respondents were
approached via professional auditor networks, audit
forums, and personal contacts. Participation was
voluntary, and anonymity was ensured.

Perceived
Contribution to Al

Perceived Audit
Perceived usefulness Quality to Al

to Al

Perceived ease of use
to Al

Auditor
Competence to Al

The figure above illustrates the conceptual
model of this study, which aims to understand the
factors influencing perceived audit quality. The
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study focuses on the effects of perceived
contribution, perceived usefulness, perceived ease of
use, and auditor competence on perceived audit
quality. Perceived contribution, usefulness, and ease
of use are hypothesized to have direct positive
effects on perceived audit quality. Additionally,
auditor competence is expected not only to have a
direct effect but also to moderate the relationships
between these three factors and perceived audit
quality. Thus, this research seeks to explore how
intrinsic factors like auditor competence and
perceived characteristics of the audit process
contribute to perceived audit quality.

3.1 Population and Samples

According to Creswell (2019), a population
refers to the entire group targeted in a study, from
which samples are drawn. This research targets
auditors in Indonesia. Due to limitations such as
time, cost, and effort, non-probability sampling with
a convenience sampling method is used, allowing
auditors with easy access to participate and provide
their perceptions relevant to this study. This
approach aims to obtain a representative and relevant
sample for analysis. Roscoe (1975) suggests
appropriate sample sizes between 30 and 500, with
at least 30 respondents per category if categories
exist. For multivariate analysis, the sample size
should be at least 10 times the number of variables
studied. For simple experiments, groups of 10-20
members are recommended. Since the population
size is unknown, Cochran’s formula (1977) is
applied to estimate sample size.

The study analyzes auditors’ perceptions of audit
quality using Artificial Intelligence (AI) technology,
based on the Technology Acceptance Model (TAM).
It focuses on how AI’s contribution, usefulness, and
ease of use influence perceived audit quality, with
auditor competence as a moderating variable.
Respondents are professional auditors with
experience or knowledge of Al in auditing,
particularly external auditors at public accounting
firms involved directly or indirectly with Al
applications in audit processes. According to Davis
(1989), perception does not require direct usage; it
can form through exposure, training, or
demonstrations. Therefore, auditors may form
perceptions of Al technology based on explanations
or training without necessarily using it themselves.

The respondents in this study are auditors
working at Public Accounting Firms in Indonesia
who possess knowledge or experience in using
Artificial Intelligence (AI) technology in audit
activities, either through Al-based audit software or

automated ERP systems. Additionally, respondents
are required to have at least a bachelor’s degree (S1)
in accounting or other relevant fields to ensure they
have the necessary educational background to
understand and evaluate the use of Al in the auditing
process.

3.2 Data Collection and Analysis

Data collection in this study was conducted using
a survey method with a structured questionnaire,
chosen for its efficiency in gathering data from a
large number of respondents quickly and cost-
effectively (Sugiyono, 2020). The questionnaire
used closed-ended questions based on a 5-point
Likert scale, designed to measure variables such as
perceived contribution, perceived usefulness,
perceived ease of use, auditor competence, and
perceived audit quality. Data analysis followed a
quantitative approach, with raw data verified,
cleaned, and entered into SmartPLS software.
Validity was assessed using factor analysis, and
reliability was measured by Cronbach’s Alpha, with
a threshold of 0.7 for acceptability (Ghozali, 2018).
Structural Equation Modeling (SEM) was employed
to test the relationships among variables, allowing
simultaneous examination of measurement and
structural models. The analysis involved testing the
outer model through Confirmatory Factor Analysis
(CFA) to ensure construct validity and reliability,
followed by evaluation of the inner model to assess
direct, indirect, and moderating effects, particularly
the role of auditor competence on the relationships
between perceived contribution, usefulness, ease of
use, and perceived audit quality. Model fit was
assessed using goodness-of-fit indicators such as
Chi-Square to confirm alignment with empirical
data.

4. ANALYSIS AND DISCUSSION

The research questionnaire consisted of items
adapted from previous studies, translated into
Indonesian, and contextualized to ensure
respondents’ clear understanding. Data collection
was conducted online via Google Forms, with the
survey link distributed through social media
platforms such as WhatsApp, LinkedIn, and
Instagram between January 11 and May 15, 2025. A
total of 103 questionnaires were collected, but after
screening, 2 responses (2%) were excluded for not
meeting respondent criteria, leaving 101 wvalid
responses (98%) for analysis. The study focuses on
auditors working at Indonesian Public Accounting
Firms who have adopted Artificial Intelligence (AI)
technology in their audit processes, either partially
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or fully, reflecting Indonesia’s growing accounting
sector under pressure to enhance transparency and
efficiency. While Al adoption is driving a digital
transformation and revolutionizing audit practices
from traditional to automated, data-driven methods,
the improvement in audit quality depends heavily on
factors such as auditor readiness, professional
competence, and perceptions of the technology
itself. Grounded in the Technology Acceptance
Model (TAM), the study examines the effects of
perceived contribution, perceived usefulness, and
perceived ease of use on perceived audit quality,
with auditor competence—including technical
skills, technology understanding, and analytical
ability—serving as a moderating variable. Using a
quantitative survey approach and analyzed through
moderation regression and SEM-PLS, the research
aims to provide empirical evidence on how Al
reshapes audit practices and the essential role of
human competence in maintaining or enhancing
audit quality. The findings are expected to contribute
both theoretically to the adoption of audit technology
and practically by informing public accounting firms
and regulators on designing more adaptive training
and implementation strategies tailored to human
resource capabilities.

In the context of rapid digital transformation,
this study focuses on Indonesian Public Accounting
Firm auditors who have adopted Artificial
Intelligence (Al) technology in their audit processes.
Indonesia’s growing audit sector, facing demands
for transparency and efficiency, provides an ideal
setting to examine AI’s impact on audit quality.
Using the Technology Acceptance Model (TAM),
the research investigates how  perceived
contribution, usefulness, and ease of use affect
perceived audit quality, with auditor competence—
covering technical skills, technology understanding,
and analytical ability—as a moderating factor.
Through a quantitative survey and SEM-PLS
analysis, the study aims to provide empirical
evidence on Al’s role in evolving audits and the
critical influence of auditor competence in ensuring
quality. Findings are expected to offer both
theoretical insights and practical guidance for firms
and regulators in adopting Al effectively.

4.1 Descriptive Statistics

This study collected respondent characteristics
grouped by identity, demographics, and socio-
economic factors, including gender, job position,
and work experience. The sample comprised a
balanced gender distribution with 49.5% male and
50.5% female respondents, enabling objective

analysis with minimal gender bias regarding
perceptions of Al use in auditing.

Most respondents held technical roles, primarily
Junior Auditors (22.8%), Associate 2 (19.8%), and
Associate 1 (13.9%), directly affected by Al
adoption, while senior positions such as Supervisors,
Senior Auditors, Assistant Managers, and Managers
provided  strategic  perspectives.  Regarding
experience, 67.3% had under four years of work,
reflecting a younger, digitally literate cohort more
open to Al integration, whereas those with over four
years contributed insights into how professional
maturity influences perceptions of Al’s ease of use
and usefulness. These demographics offer a
representative view of auditors engaging with Al
technology, highlighting the critical moderating role
of auditor competence in bridging technology
adoption and perceived audit quality, as well as
supporting sustainable digital transformation in the
auditing profession.

The responses to the questionnaire items show
considerable variation, with minimum scores of 1
and maximum scores of 5. Overall, the answers tend
to range from neutral to agree, falling between 1.41
and 5.00. The data also exhibit a good distribution,
as indicated by standard deviation values that are
smaller than the mean, ranging from 0.80 to 0.94.
From these values, it can be concluded that the data
for the variables are close to the mean, indicating that
the data obtained are homogeneous (Sekaran and
Bougie, 2016).

4.2 Validity Test

Face validity was conducted to logically assess
the indicators as measures of the constructs,
evaluated by an expert supervisor (Neuman, 2014:
216). The questionnaire was also pre-tested on 30
prospective respondents to ensure clarity and
prevent misunderstandings. The results showed that
the items were appropriate and clear, so the
questionnaire was ready for distribution. Next,
content validity was confirmed by aligning the
measurement items with relevant previous studies,
ensuring all items matched established instruments.
Thus, the measurement items fulfilled content
validity requirements.
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Output PLS Before Drop Item

The figure shows the results of the measurement
model validity test (outer model) using loading
factor analysis. Most items met the validity criteria
with loading factors > 0.7, but three items were
invalid due to loading factors below 0.7.

Variables Ttem Outer Loading Description
Perceived Auditor Quality PAL 0,632 Not Valid
Perceived Ease of USE PE1 0,689 Not Valid
Perceived Contribution PC1 0,649 Not Valid

Based on Table the outer model test results
indicate that three items need to be removed due to
loading factors below 0.7. This removal aims to
improve the measurement model’s quality, maintain
convergent validity, reduce noise, and ensure
stronger relationships between latent constructs and
valid indicators. Therefore, a retest was conducted
after deleting the three items shown in the following

Output PLS After Drop Item

The next stage is the convergent validity test
using SmartPLS 3.2.9 software by examining the
outer loading values and Average Variance
Extracted (AVE). Outer loading values are
acceptable if they are > 0.70, or loadings between 0.4
and 0.7 can be retained provided they do not
negatively affect or even improve the AVE and
Composite Reliability (Hair, 2017). Additionally,
the AVE value should have a minimum threshold of
>0.50.

The results of the convergent validity test show
that the outer loading values for all questionnaire
items are > 0.70 or do not negatively affect the AVE,
Average Composite Reliability (AC), and
Composite Reliability (CR) values. Additionally, the
Average Variance Extracted (AVE) for all variables
is found to be > 0.50. These results indicate that all
questionnaire items used in this study have a good
level of convergent validity and are therefore
suitable for use in further research. Discriminant
validity is a test used to measure the extent to which
constructs in the study can be distinguished from one
another. Good discriminant validity suggests that
constructs are unique and can detect cases not
present in other constructs. In this study,
discriminant validity was assessed using the
Heterotrait-Monotrait (HTMT) ratio, where data is
considered valid if the HTMT value is less than 0.85.

Variables KA MEl ME2 ME3 PA PC PE PU  Description

KA Valid
ME1 0,323 Valid
ME2 0265 0,747 Valid
ME3 0054 0516 0676 Valid
PA 0742 0,175 0,159 0,098 Valid
PC 0674 0,114 0149 0113 0776 Valid
PE 0,585 0,098 0,130 0033 0713 0,620 Valid
PU 0,572 0154 0307 0,153 0804 0,776 0,726 Valid

Based on the results of the collinearity test in
Table 4.8, the collinearity test ensures that there is
no high multicollinearity among the independent
variables in the research model. The indicator used
is the Variance Inflation Factor (VIF), with a
common threshold value of VIF < 5. According to
the table, the analysis results show that all variables
have VIF values below the threshold, thus it can be

concluded that there are no significant
multicollinearity issues in the model.
Variables Endogen R-Square Q-Square
Perceived Audit Quality 0,888 0409
Furthermore, the  predictive  relevance

coefficient (Q?) analysis was conducted to ensure the
predictive relevance of the reflective indicators for
the endogenous variables (Hair et al., 2019). The Q>
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test threshold ranges from 0 to 1. Q? values greater
than 0, 0.25, and 0.50 indicate small, moderate, and
large predictive relevance of the PLS path model,
respectively. In this study, the Q? value for the
perceived audit variable was 0.409, as shown in
Table 4.9 presenting the predictive relevance test
results. These results indicate that all exogenous
variables in the research model have predictive
relevance for the endogenous variables explained in
the research sample.

4.3 Hyphotesis Testing

Hypioslhes Re\ll:(l;l()a:selllip p Sla;li.stic P Value Destriptich
Direct Connection

H1 PC > PA 0,624 9,637 0,000 Significant
H2 PU-> PA 0,145 2,441 0,015 Significant
H3 PE -> PA 0,167 2,271 0,007 Significant
H4 PC x KA -> PA -0,127 2,829 0,005 Significant
H5 PUX KA > PA 0,083 1,705 0,089 Not Significant
H6 PE x KA -> PA 0,059 1,073 0,284 Not Significant

Next, hypothesis testing was conducted by
analyzing the path coefficient (B), t-statistic, and p-
value. Using a 5% significance level, a hypothesis is
considered supported if the p-value is less than 0.05
and the t-statistic is greater than 1.96. The direction
of the relationship is determined by the value of the
path coefficient (). Based on the results of the direct
and moderating effects analysis presented in Table
4.9, four out of six proposed hypotheses were
supported, namely H1, H2, H3, and H4. Meanwhile,
the remaining two hypotheses, H5 and H6, were not
supported by this study. The output of the structural
model analysis using SmartPLS software is also
presented in the figure above.

Structural Model Analysis Result

5. DISCUSSION

Hyphotesis Description

Direct Connection

H1 | Perceived contribution has a significant positive effect on
perceived audit quality.

H2 | Perceived usefulness has a significant positive effect on perceived
audit quality.

H3 | Perceived ease of use has a significant positive effect on
perceived audit quality.

Supported

Supported

Supported

H4 | Auditor competence significantly strengthens the relationship
between perceived contribution and perceived audit quality.
H5 | Auditor competence significantly strengthens the relationship
between perceived usefulness and perceived audit quality.

Supported

Not Supported

H6 | Auditor competence significantly strengthens the relationship
between perceived ease of use and perceived audit quality.

Not Supported

Based on the hypothesis testing results in Table
4.11, this study found that Perceived Contribution
(PC), Perceived Usefulness (PU), and Perceived
Ease of Use (PE) each have a positive and significant
effect on Perceived Audit Quality (PA), with
coefficients () of 0.624, 0.145, and 0.167,
respectively. These findings suggest that auditors
perceive higher audit quality when Al technology
contributes meaningfully to audit tasks, is useful in
enhancing performance, and is easy to use. The
positive influence of PC indicates that when auditors
perceive Al as helpful in increasing efficiency,
detecting anomalies, and providing real-time
insights, their assessment of audit quality improves
(Vasarhelyi et al., 2015). Similarly, the significant
effect of PU emphasizes that Al features that
improve decision-making and speed up the audit
process increase the perceived quality of audits
(Yoon et al., 2015). Additionally, the impact of PE
shows that intuitive and user-friendly Al tools make
it easier for auditors to adopt and integrate
technology into their workflows, reinforcing
positive quality perceptions (Sutton et al., 2016).
Regarding the moderating role of Auditor
Competence (AC), the study found that AC
significantly moderates the relationship between PC
and PA with a negative coefficient (f = -0.127),
indicating that auditors with higher competence may
rely more on their judgment and less on Al’s
perceived contribution. However, AC does not
significantly moderate the relationships between PU
and PA or PE and PA, suggesting that regardless of
competence level, the usefulness and ease of use of
Al are consistently perceived as enhancing audit
quality. These results support the notion that while
Al enhances audit performance, human expertise
still plays a critical role in interpreting and utilizing
Al-generated insights effectively (Issa et al., 2016).

The results confirm that perceived contribution,
perceived usefulness, and perceived ease of use each
have a positive and significant influence on
perceived audit quality. This finding is consistent
with previous studies such as Noordin et al. (2022),
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Putri (2024), and Albawwat & Frijat (2021), who
also highlighted the positive role of Al in enhancing
audit effectiveness. The study also reinforces the
Technology Acceptance Model (TAM), showing
that auditors’ perceptions of Al adoption are critical
in determining outcomes related to audit quality.

However, the moderating role of auditor
competence does not significantly strengthen the
relationship between perceived usefulness or ease of
use and audit quality. This differs from earlier
findings (e.g., Hasan, 2022; Goto, 2023), which
suggested that training and competence enhance
perceived usefulness and usability of Al This
inconsistency may be due to contextual differences:
Indonesian auditors may still perceive Al
implementation as limited to administrative support,
rather than tools that enhance strategic decision-
making. The reliance on self-reported survey data
may also contribute to this limitation.

A particularly interesting finding is that auditor
competence only strengthens the link between
perceived contribution and audit quality. This
suggests that auditors recognize the value-added
aspect of Al when it directly contributes to core audit
tasks, but remain less influenced by its perceived
usefulness or ease of use. This highlights a cultural
and contextual nuance: competence amplifies
auditors’ ability to translate tangible Al
contributions into higher audit quality, but does not
change their perception of abstract benefits such as
usefulness or ease of operation. This nuance
provides a new perspective on how human capital
interacts with technology adoption in the Indonesian
auditing profession, offering an avenue for future
research in emerging markets.

6. CONCLUSSION

This study examined how auditors’ perceptions
of Artificial Intelligence (Al) specifically perceived
contribution, perceived usefulness, and perceived
ease of use affect perceived audit quality, with
auditor competence as a moderating factor. The
findings reveal that all three perceptions
significantly enhance perceived audit quality, yet
auditor competence only strengthens the relationship
between perceived contribution and audit quality.
This suggests that while competence enables
auditors to translate tangible Al contributions into
better audit outcomes, it does not necessarily alter
how usefulness or ease of use is perceived in
practice.

The novelty of this study lies in integrating the
Technology Acceptance Model (TAM) with auditor

competence to provide a more holistic understanding
of how technology adoption interacts with human
capital in shaping audit outcomes. Unlike previous
studies that primarily examined adoption intention,
this research emphasizes audit quality as the key
outcome measure, thereby addressing an important
gap in the literature.

In terms of contribution, this study advances
theory by extending TAM in the auditing domain
and highlighting the nuanced role of competence as
a moderator. Practically, the results emphasize the
need for audit firms and regulators in Indonesia to
enhance auditors’ competence through training and
professional development in Al applications. By
doing so, the profession can move beyond limited
administrative use of Al toward strategic
applications that directly improve audit quality.

The findings carry significant implications in
the current digital transformation era, where the
Indonesian auditing profession faces increasing
demands for accountability, transparency, and
efficiency. Recognizing both the strengths and
limitations identified in this study, future research
could expand the scope to include cross-country
comparisons, longitudinal designs, or mixed-method
approaches to capture deeper insights into the
dynamic relationship between Al, human capital,
and audit quality.

By addressing theoretical gaps, offering
practical recommendations, and situating the
findings within the contemporary auditing context,
this study provides timely and valuable contributions
to both scholarship and practice.

7. LIMITIATION AND SUGGESTIONS

Although this study provides significant
theoretical and  practical contributions to
understanding the impact of Artificial Intelligence
(AI) technology on audit quality, several limitations
must be acknowledged. First, the quantitative cross-
sectional design restricts the ability to capture
changes in auditors’ perceptions over time, limiting
insights into the long-term effects of Al adoption on
audit quality, which typically evolves through
experience, training, and organizational policy
shifts. Second, the sample scope was confined to
auditors within specific environments, such as
particular public accounting firms, with relatively
homogeneous characteristics, thereby limiting the
generalizability of the findings to broader auditor
populations across different industries or geographic
regions, where organizational culture and Al
adoption levels may vary. Third, while auditor
competence was included as a moderating variable,
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its measurement relied on subjective self-
assessments rather than objective skill tests, which
could introduce perceptual bias affecting the
accuracy of the moderation effect. Fourth, the study
did not differentiate between various Al
technologies (e.g., machine learning, natural
language processing, robotic process automation,
big data analytics), each of which may differently
influence auditors’ perceptions and audit quality.
Finally, external contextual factors such as
management support, organizational policies, and
technological culture were not incorporated, despite
their likely critical role in the effective
implementation of audit technologies. Considering
these limitations, the findings should be interpreted
cautiously, and future research is recommended to
adopt  mixed-method  approaches, broaden
respondent diversity, and explore more specific
technological dimensions and contextual variables to
yield more comprehensive and relevant insights into
the evolving practice of digital auditing.
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